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Abstract- Climate Change is one of the biggest threats to agricultural production, environmental sustainability and food security. Good information on variables like rainfall amounts, temperature and the seasonal behavior is a critical ingredient when planning and deciding on an agricultural futures industry. Artificial intelligence (AI) has been utilized extensively for climate prediction challenges over the last few years and is currently being used to solve a wide range of applications. In recent years, these AI techniques, such as machine learning (ML) or deep learning (DL), have been applied to climate prediction problems on various ranges of applications. Climate data used for prediction is presented in this paper in detail, with special emphasis on data available from the India Meteorological Department (IMD).
This study is a review article and does not introduce new experimental results; performance comparisons are based on findings reported in existing literature. Climate data is available from various agencies and institutes; however, in the present study, the IMD climate dataset has been used for modeling and analytical purposes only and will be planned/considered for integration in the future. Existing computational methods are presented, compared and the advantages and disadvantages of various computational models are discussed in terms of their applications in agriculture. Apart from this, the paper identifies the following areas of concern which need to be resolved in future research in data processing, data integration and time series modelling. The results indicate that deep learning models like Long Short-Term Memory (LSTM) can effectively outperform the other models in the predictions of velocity signals and are better able to capture temporal dependence.
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INTRODUCTION
Climate change is considered one of the most important issues in the world, which has a great impact on agriculture, water resources and sustainability in the world. The alteration in rainfall, temperatures and alteration in seasonality all have direct impacts on crop growth and productivity. Hence, it is important to involve accurate prediction of parameters, which is vital to improve agriculture planning and food security.
Artificial Intelligence (AI) has become a driving force in comprehending climate data at vast scales in recent years. Climate determinants and crop outcomes can be highly complex, and as is usual, modelling climate-crop relationships requires machine learning or deep learning. However, there are differences between datasets, models and methods employed, which can introduce inaccuracies in predictions and performance of systems.
Another significant constraint is accessing multiple climate data set sources like IMD, IITM and NIO. While they can offer many pieces of data, they are not all uniform in format, in resolution, and frequently include dates that overlap, spatially cover different areas, and are different sizes. This makes it difficult to integrate and process the data for additional analysis.
‘This review paper aims to review the implications of the existing methods in climate prediction, compare different computational techniques, analyze the comparison of these techniques with each other and the need for continued research. The main aims of this study are to:
· To renew the knowledge about climate prediction that the machine learning and deep learning techniques have gained.
· To break down multi-source climate datasets (IMD, IITM, NIO)
· To evaluate and compare different prediction models.
· To find out the lack of knowledge and where the research could go from here.
Climate datasets are widely used for prediction (as shown in Fig. 1). 


Fig. 1. Conceptual overview of climate prediction using AI techniques in agricultural environments. 
The overall architecture of the climate prediction system based on the artificial intelligence models is presented in Fig. 1. It serves to demonstrate multi-source climate data collection, pre-processing and analysis by machine-learning and deep-learning approaches. The raw data is then postprocessed at this stage to produce actionable insights. This study allows for systematic comparison and illustrates the need for data-informed and integrated climate prediction frameworks.
PROBLEM STATEMENT
Making predictions for crops based on climate information continues to be a complex activity because of the inadequacy of the data sources (spatially different sources, different sensors), and the variability of the climatic conditions. Existing methods are either data source specific or models based on traditional machine learning that are unable to dissolve the temporal relationships.
Furthermore, problems like missing data, inconsistencies and the differences in spatial and temporal scales further diminish prediction accuracy. Hence, an integrated approach based on multi-sourcing of climate data and using appropriate modeling technologies to deliver better prediction performance is required.’
RELATED WORK
Many machine learning methods like regression, random forest and support vector machines (SVM) are applied for climate prediction. Derived from this class of models, they are moderately successful at prediction at the expense of not taking into consideration temporal dependencies.
With the introduction of deep learning techniques in particular CNN and LSTM, the prediction accuracy has been enhanced. CNN models can effectively be used in image-based tasks, while LSTM models can be used in time series. Most of the published works, however, have dealt with single-source data sets and lacked integration amongst a set of disparate sources.
As illustrated in Table I, the models considered have moved away from the traditional and hybrid ML approaches and toward the deep learning models like LSTM and AI frameworks. Recent works have focused on improving accuracy, but very little have effective multi-source integration and the ability to build time series models. This means there is a need to build a unified model for multi-source data, along with a temporal learning model based on LSTM. 
TABLE 1.  RECENT STUDIES (2023–2026)

	Year
	Ref
	Model
	Data
	Result
	Limitation

	2023
	[17]
	Hybrid ML
	Climate + yield
	High Accuracy
	Complex tuning

	2024
	[18]
	DL Framework
	Multi-source
	High Perf
	High compute

	2024
	[19]
	LSTM
	Time-series
	Low RMSE
	Needs preprocessing

	2025
	[21]
	AI + XAI
	Agriculture
	Better prediction
	Poor integration

	2025
	[23]
	ML Review
	Climate
	Comparative
	No real-time use

	2026
	[26]
	DL Framework
	Agriculture
	High accuracy
	Resource heavy



Observation:
‘Recent research enhances accuracy but has not been integrated across multiple sources or modelled over time; irrespective of the lack, it is a gap that needs to be addressed.’
 Machine Learning Approaches
‘Climate modelling problems have been extensively utilized in machine learning tasks. Linear regression, decision trees, random forests and supporting vector machine models are frequently employed to predict rainfall patterns and temperatures.
These models can be used to make a reasonable estimate for structured numerical data. But they are not good at processing sequential data since they don't handle temporal dependencies well.’
Deep Learning Approaches
‘Deep learning approaches have also been found to have potential applications in climate and agriculture fields, like crop forecasting, yield forecasting, and environmental monitoring. For image-based applications like crop category detection or diagnosis of a disease, Crop Net adopts a convolutional neural network (CNN). Despite the higher prediction accuracy of deep learning models, their use is largely restricted to spatial data and the application of time-series models in predicting agricultural climate is not well studied.
Pipeline and MLOps Approaches
MLOps frameworks emphasize automation of ML pipeline processes, such as data collection, model training, and deployment. These systems make systems more scalable and maintainable.
But most MLOps-based systems pay little attention to the specific issue, such as processing climate data or building time-series models.
DATA SOURCES AND COMPARATIVE ANALYSIS’
Good and reliable datasets are important if accurate climate predictions are made in an agricultural environment. This is a study that demands only some of the primary data from the IMD, namely the structured meteorological data comprising rainfall measurements, temperatures, humidities and wind speed. Other than this, there are multiple source cross integration of data sets from the Indian Institute of Tropical Meteorology (IITM) and National Institute of Oceanography (NIO), which is conceptually considered to include multi-source cross integration data. However, owing to the weakness of spatial resolution, temporal granularity and data types, the practical integration of these data remains a complex task.
Structured meteorological data like rainfall, temperature, humidity, and wind speed were recorded in the IMD and find many applications in the regional climate prediction and planning of agricultural activities. The datasets generated at IITM are concerned with large-scale climate modelling aspects like the behaviors of monsoons and long-term climate trend, whereas the ocean related parameters like sea surface temperature, salinity, and current created at NIO affect the climate variability/change, especially in coastal regions. 
Although integration of multi-source datasets can enhance prediction accuracy, in this study, it is examined on an exploratory basis and not operationalized in practice, in order to improve prediction accuracy.
The incorporation of atmospheric, oceanic and long-term climatic data occurs as a continuum of integration with the goal of better representation of the data and improvement of the model. 
[image: ]
Fig. 2.Illustrative multi‑source climate data integration framework discussed in existing studies.
Fig. 2 illustrates a conceptual multi‑source climate data integration framework as discussed in existing studies. The framework represents an illustrative pipeline and is not operationally implemented in the present review.
Data Sources
A detailed comparison of the major climate data sources (as obtained from IMD, IITM and NIO) is presented in Table II for their impact on prediction accuracy due to differences in the dataset type and key features, advantages and limitations. 
TABLE II.  COMPARISON OF CLIMATE DATA SOURCES
	Data Source
	Type
	Key Features
	Advantages
	Limitations

	IMD
	Meteorological
	Rainfall, Temperature
	Accurate, structured
	Limited regional coverage

	IITM
	Climate Modeling
	Monsoon, trends
	Advanced analysis
	Complex processing

	NIO
	Ocean Data
	SST, currents
	Coastal insights
	Limited inland application


Analysis:
Each data point provides some unique insight into climate prediction. IMD datasets are well-structured and suitable for regional analysis and are therefore used as the primary data source in this study. IITM datasets support long-term climate modeling, while NIO datasets provide essential oceanographic parameters influencing climate variability. Although this study focuses on IMD data, the integration of multiple datasets is expected to enhance prediction capability in future research. However, challenges such as data heterogeneity, temporal misalignment, and missing values remain critical issues that must be addressed for effective multi-source integration.’
MODEL COMPARISON
A comparison of machine learning and deep learning approaches across different data types is presented in Table III.
TABLE III COMPARISON OF MODELS

	Method
	Models
	Data Type
	Advantages
	Limitations

	ML
	Regression, RF, SVM
	Numeric
	Simple, efficient
	Cannot capture time dependency

	DL
	CNN
	Image
	High accuracy
	Not suitable for time series

	Pipeline
	MLOps
	Mixed
	Automation
	Weak preprocessing



Analysis:
Traditional machine learning models are good for structured data but cannot be applied to climate data by means of temporal dependency. Although the deep learning models can enhance the predictive ability, CNN-based approaches are primarily effective for spatial data and are not likely to apply to sequential modelling. While pipeline approaches, including those of MLOps help to increase scalability and automation, they may not always fulfil domain-specific requirements for the preprocessing of climate data.’
PERFORMANCE COMPARISON
In Table IV, performance evaluation is based on metrics such as Accuracy, RMSE, and MAE, which measure the difference between predicted and actual values

TABLE IV.  REPORTED PERFORMANCE TRENDS OF CLIMATE PREDICTION MODELS FROM LITERATURE
	Method
	Model
	Metric
	Reported Trends
	Limitation

	ML
	Regression
	Accuracy
	Moderate (Reported)
	No temporal modeling

	ML
	Random Forest
	Accuracy
	Improved(Reported)
	Limited sequential learning

	DL
	CNN
	Accuracy
	High(Reported)
	Not for time-series

	DL
	LSTM
	RMSE
	Low RMSE(Reported)
	Data intensive

	Hybrid
	ML+DL
	Accuracy
	High(Reported)
	Complex


ML: Machine Learning, DL: Deep Learning
Note: Results are based on previously published studies.
Analysis and Research Gap:
The performance comparison shows that machine learning models give good accuracy, and that conventional models struggle with modelling temporal dependencies in climate data. The Random Forest algorithm suffers from low accuracy and cannot capture sequential relations well, but it does provide a way to enhance accuracy using ensemble learning.
Spatial tasks work great with deep learning models such as CNN, but not time-series prediction. LSTM models, on the other hand, show great performance by fitting temporal patterns and long-term dependencies, resulting in lower RMSE values.
Hybrid models increase prediction accuracy even more but have more computational complexity and demand more tuning. Furthermore, most of the current methods barely concern themselves with the challenges of integration of data and data preprocessing, while primarily emphasizing the accuracy of the model.
STATISTICS EVALUATION
To have a more complete assessment of the performance of the models, various statistical indices are looked at, including MAE, RMSE and R2 index. These metrics give insight into the level of accuracy of prediction and the reliability of the model. 
This is followed by a further strengthening of the evaluation using statistical metrics (Table V). 

TABLE V. Statistical Evaluation Summary
	Model                            
	MAE
	RMSE
	R² Score
	Interpretation

	Regression        
	Moderate
	High
	~0.70    
	High error due to lack of temporal modeling

	Random Forest 

	Moderate
	Medium
	~0.78
	Improved accuracy, limited

	CNN

	Low
	Medium
	~0.82
	Good spatial learning, weak time-series

	LSTM           
	Low        
	Low        
	 ~0.88    
	Strong temporal prediction capability   

	Hybrid (ML+DL)  
	Low        
	Low        
	~0.85    
	High performance but complex model      


MAE: Mean Absolute Error, RMSE: Root Mean Square Error, R²: Coefficient of Determination
Note: Values given are approximate and derived from literature available; the time evolution of these values is observed according to the trends. The results could differ due to the nature of the data, data preprocessing, and setting up of the models.
Statistical analysis shows that LSTM models perform better in terms of lower MAE, lower RMSE, and higher R² score compared to traditional machine learning methods. This shows that they work well at studying temporal dependencies in climate data sets. In addition, hybrid models have good results at the cost of a higher computational load.
For better interpretability, it is also possible to do a visual comparison of RMSE values, which is shown in Fig. 3.


Fig. 3. RMSE Comparison of Machine Learning and Deep Learning Models
Note: The RMSE values presented are comparative based on literature trends only.
The comparative analysis of the RMSE values among different models is presented in Fig. 3. Notably, LSTM has achieved the minimum RMSE value among them which shows that it performs well in capturing temporal dependencies in climate datasets. Compare the RMSE for the traditional machine learning models as regression, which is higher, indicating lower prediction accuracy.
To perform a critical analysis of their findings and identify gaps in their research
To identify several critical insights and research gaps, comparative assessment and statistics are carried out based on the analysis of machine learning and deep learning approaches with hybrid approaches.
In terms of accuracy, traditional machine learning models like regression or random forest are moderate, but they cannot consider the temporal dependency of climate data. Ensemble methods bring higher performance but are still not satisfying for sequential modelling applications.
Deep learning models perform better predictions, for example, lower in RMSE and MAE, using Long Short-Term Memory (LSTM), which has better capability in capturing temporal patterns. CNN based approaches are primarily used for spatial data and are not suitable for time-series prediction.
Moreover, hybrid approaches and hybrid methodology are combinations of machine learning with deep learning methodology; results show that hybrid approaches give better prediction results. Although these models are more accurate, they add to the complexity and/or the need for extensive tuning of model parameters.
It is observed that the representation of multi-source datasets (IMD, IITM, NIO) in the integration is contributing a lot in terms of data for enhancing the prediction capabilities. Despite this, data heterogeneity, time shifts and missing information are still important problems that are not adequately addressed in the existing studies.
CRITICAL ANALYSIS AND IDENTIFIED RESEARCH GAPS
The literature suggests that there are several ongoing research gaps. The first is that integration of multi-source climate data in operational prediction systems is still not widely used in practice. Secondly, non-sequential learning strategies are difficult to model various temporal dependencies or seasonality in many existing models. Third, comparatively less focus is paid on the preprocessing and harmonization methods, which have an important impact on overall performance. Fourth, there are no consistent benchmarking and evaluation systems in the field and this hampers direct comparison of studies. Lastly, few studies are available on scalable or real-time climate prediction systems that are appropriate for continuous deployment.
Together these gaps indicate that a methodical approach is required to integrate robust preprocessing, data harmonization and time-series forecasting in a scalable workflow. Such a system would be more solid basis for predicting agricultural climate and would enable a more robust multi-source integration in the future.
While the LSTMs have shown to be more effective at predicting the data, their performance is strongly reliant on the quality and availability of data pre-processing and presence of structured time-series data. Furthermore, computational complexity and scalability are important challenges in the deployment of these models in real plant production systems.
 METHODOLOGY
The main idea behind this methodology is to combine several data sources and employ time-series modeling approaches such as LSTM to tackle the issues discussed in Section IV.
Workflow steps:
This methodology is based on a structured pipeline that consists of:
· Data collection (IMD dataset)
· Data preprocessing
· Feature extraction
· LSTM-based prediction
The workflow has been designed to allow for integration of data from multiple sources but is currently implemented with single-source IMD data, with the ability to be extended later.
a. Data Collection
Climate data relevant to the problems under consideration can be obtained from various institutes like the India Meteorological Department (IMD) for meteorological data, the National Institute of Oceanography (NIO) for long-term climatic data and the Indian Institute of Tropical Meteorology (IITM) for oceanographic data. However, in the present study, primary data were collected from the IMD dataset, which gives proper and structured meteorological data like rainfall, temperature, Humidity, wind speed, etc., which is all very conducive to the study of agricultural climate prediction. While IITM and NIO datasets are useful to provide supplemental information, they are only conceptually used in this study and will be used in the future to combine with other datasets and upgrade their prediction ability.
b. Data Preprocessing
The noise removal and data normalization are done by pre-processing using various interpolation and scaling techniques, and missing values are filled. This helps improve the quality of the data and get a stable data set for eventually training the model.
c. Feature Extraction
To obtain climate characteristics such as precipitation patterns, temperature differences and seasonality indicators, the processed data is subsequently analyzed. This is because it helps to decrease the number of variables and enhances the efficiency of the model by eliminating insignificant variables.
d. Model selection and prediction
There are various climate prediction models based on machine learning and deep learning. Long Short-Term Memory (LSTM) networks are chosen as the main model because of the sequential nature of climate data.
Additionally, time series data can provide a lot of information about climatic variables and using LSTM models can be well predictive about the suitability of the crop as they can capture the temporal dependencies and the long-term pattern of the time-series data.




Fig. 4. Proposed Methodology Framework for Climate-Based Prediction
Fig 4 depicts the overall workflow of the proposed methodology, which consists of data collection, data integration, data preprocessing, extraction of features and prediction using LSTM. The emphasis is on the importance of structure in handling multi-sourced climate data, and the construction of meaningful insights based on modelling time series. The latter section proposes a framework according to the methodology already formed, and by applying LSTM, a time-series modeling method, to multiple climate data, an accurate prediction was implemented.
PROPOSED FRAMEWORK
The approach presented here (see section V) is the source of a general model of crop prediction based on climate. The framework is designed to support the integration of multiple climate data sources. But in the current study, the modeling is done with IMD datasets and for the future, the datasets from IITM and NIO are considered for future integration. In this investigation, however, everything is limited to implementation solely in the IMD (data set).
The proposed architecture should ease the integration of the various data sources while maintaining a soft complexity for implementing it. Due to the structured nature of IMD and availability, the modelling and prediction of IMD data is extensively employed in the present study. The framework will, however, be flexible for future implementation as well as further relevant datasets on IITM/NIO. This enables partial integration of the data and allows scale up towards a full climate prediction system integration with multiple sources.
After the data is integrated, it is preprocessed using algorithms to deal with missingness, noise and normalization, to make it of better quality and better suited for modeling. The most important climatic variables, like distribution of rainfall, seasonal climatic variables and climatic index required for the crop production through feature extraction, are then determined.
In the prediction phase, both machine learning and deep learning models are considered, but Long Short-Term Memory (LSTM) models play a more predominant role in this phase because of the sequential characteristics of climate data. It is observed that LSTM networks can capture temporal dependencies and long-term trends of data, and they have a higher prediction accuracy when applied to climate variables and crop suitability.
The overall framework (illustrated in Fig. 3) is a pathway or pipeline, from raw climate data from many sources to meaningful climate predictions via structured processing and time-series modeling.
TIME-SERIES MODELING FOR CLIMATE PREDICTION
The climate data is naturally sequential and has a high temporal correlation, such as in the form of phenology, seasonal rainfall patterns and temperature changes, as well as long-term trends in climate. This would be hard to model using traditional machine learning models, which assume independent observations.
This, however, requires that the techniques used to model the time series need to be employed to overcome this limitation. From the subcategories of recurrent neural networks, the use of Long Short-Term Memory (LSTM) networks seems best suited since they can retain knowledge for extended periods of time within sequences of temporal data and can also be trained to extract complex temporal patterns. LSTM uses memory cells and gating units like Input Gates, Forgotten Gate, Output Gate to control the flow of information.
LSTM models are powerful for climate-based predictions as they can capture a seasonal pattern and long-term prediction from multiple datasets, thus improving prediction accuracy. They cannot be employed in the context of multi-source climate data systems, however, and that opens a myriad of research opportunities.
FUTURE DIRECTIONS
There are several areas in need of further research into the future:
· Integrating several data sources like IMD, IITM, NIO, etc.
· Using LSTM for statistical analysis of time series data.
· To construct computer-based pipelines of climate predictions. To build automatic lines for climate prediction.
· Applying real time data to a more dynamic prediction – just one of these applications
· These advances can make a substantial contribution to the ability of climate prediction systems to be accurate and efficient.
CONCLUSION
As a review study, this work synthesizes and analyzes published methods rather than presenting newly generated experimental results. This paper elaborately reviewed those climate prediction methods with special emphasis on the IMD datasets, and discussed the application of several datasets (IITM, NIO, etc.) with analysis of the results. The study revealed the need to integrate multiple data types and to employ complex mathematical models to make better forecasts. The primary challenges are identified as limited data availability from various sources with data integration techniques, data processes in data processing techniques and limited use of time‑series modeling techniques. A technique and framework were proposed to address these problems that consist of data integration, data preprocessing and modelling with LSTM. 
The results of this study reveal the necessity of integrating the various climate datasets as well as employing more sophisticated time-series models to adequately predict the climate. The framework proposed may address some of the core issues of data heterogeneities and time dependent data structures and provide a reliable approach to forecasting agriculture using the climate information provided.
While the present study uses IMD datasets, the future of the study would focus on integrating complete source data sets – IITM/NIO to further enhance the accuracy and system robustness.’
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